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Joint analysis of GWAS and multi-omics QTL
summary statistics reveals a large fraction of GWAS
signals shared with molecular phenotypes
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e Joint analysis of GWAS and multi-omics xQTL data enhances
complex trait gene discovery

e Approximately 50% of GWAS signals are shared with at least
one molecular phenotype

e New insights into the genetic regulatory mechanisms
underlying complex traits
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In brief

Wu and colleagues developed OPERA, a
method that integrates genetic analysis of
multi-omics data with GWASSs to explore
the biology of genetic associations. They
found that 50% of GWAS signals are
shared with at least one omic
measurement. This approach may aid in
comprehending the underlying
mechanisms of complex traits.
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SUMMARY

Molecular quantitative trait loci (xQTLs) are often harnessed to prioritize genes or functional elements under-
pinning variant-trait associations identified from genome-wide association studies (GWASs). Here, we intro-
duce OPERA, a method that jointly analyzes GWAS and multi-omics xQTL summary statistics to enhance the
identification of molecular phenotypes associated with complex traits through shared causal variants.
Applying OPERA to summary-level GWAS data for 50 complex traits (n = 20,833-766,345) and xQTL data
from seven omics layers (n = 100-31,684) reveals that 50% of the GWAS signals are shared with at least
one molecular phenotype. GWAS signals shared with multiple molecular phenotypes, such as those at the
MSMB locus for prostate cancer, are particularly informative for understanding the genetic regulatory mech-
anisms underlying complex traits. Future studies with more molecular phenotypes, measured considering
spatiotemporal effects in larger samples, are required to obtain a more saturated map linking molecular in-

termediates to GWAS signals.

INTRODUCTION

Over the past decade, genome-wide association studies
(GWASSs) have identified hundreds of thousands of genetic vari-
ants associated with a wide range of complex traits (including
diseases) in humans.' However, the biological mechanisms un-
derlying the variant-trait associations are mostly unknown. Given
that the trait-associated variants often appear in genomic re-
gions enriched with regulatory elements and molecular quantita-
tive trait loci (xQTLs),>~” one approach to understand the mech-
anisms that derive the associations is to explore whether the
molecular phenotypes, such as transcription or protein abun-
dance of a gene, are associated with the complex traits due to
pleiotropy.

Different methods have been proposed to detect associations
between molecular phenotypes and complex traits by inte-
grating GWAS and xQTL data.®®'* One class of methods im-
putes unobserved measurements of molecular phenotypes for
individuals in a GWAS cohort and tests for associations between
the imputed measurements of molecular phenotypes and a com-
plex trait of interest (e.g., PrediXcan and TWAS).”'" Another
class of methods detects associations between molecular
phenotype measurements and the trait by assessing the concor-
dance of GWAS and xQTL signals (e.g., COLOC and
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RTC).>'%"27'°> These methods typically involve a metric to
assess whether the overlap of GWAS and xQTL signals at a
genomic locus is due to shared causal variant(s). Summary-
data-based Mendelian randomization (SMR)®>'® is a method
that belongs to the second class. It uses the Mendelian random-
ization (MR) method framework to estimate the effect of a molec-
ular phenotype (x) on the trait (y), followed by the heterogeneity in
dependent instruments (HEIDI) test that utilizes linkage disequi-
librium (LD) pattern to distinguish pleiotropy (x and y share the
same set of causal variants) from linkage (causal variants for x
are distinct from, but in LD with, those for y). By applying these
methods to GWASs with gene expression QTL (eQTL) or protein
QTL (pQTL) data, many genes have been prioritized as respon-
sible for GWAS signals.®'"'®'" Integrating other types of
XQTL data, such as DNA methylation (DNAm) QTL (mQTL), his-
tone modification QTL (hQTL), and splicing QTL (sQTL), has pro-
vided mechanistic insights at some of the GWAS loci.* 61819
The aforementioned methods only allow integration of GWAS
data with xQTL data for one type of molecular phenotype at a
time. When multiple types of xQTL data are available, analyzing
each of them separately with GWAS data and testing all pairwise
associations between the xQTL datasets to understand connec-
tions among the molecular phenotypes'® is cumbersome and in-
creases the multiple testing burden when controlling for
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genome-wide type | error rate. Multiple trait colocalization
(MOLOC) is an approach that allows colocalization analysis of
xQTL summary data from multiple molecular phenotypes with
GWAS data.’® However, such analysis becomes computation-
ally challenging when involving over three molecular phenotypes
because the number of hypotheses to be tested increases expo-
nentially with the number of molecular phenotypes involved.”’ To
circumvent the computational hurdle, an efficient deterministic
Bayesian approach (i.e., HyPrColoc) was developed to analyze
a large number of traits using an approximate posterior probabil-
ity of full colocalization.?' However, HyPrColoc is designed for
the colocalization of multiple complex traits at a locus, assuming
a single shared causal variant, rather than the colocalization of
multiple molecular phenotypes with a trait. The latter is more
complicated owing to the diverse coverage of molecular pheno-
types across the genome and multiple sites per molecular
phenotype within a locus. Primo is another method of this kind
that aims to identify SNPs associated with multiple traits.'® To
reduce spurious associations due to LD, Primo re-estimates
the GWAS SNP effects conditioning on the top xQTLs in cis,
leading to reduced power and computational efficiency. With
the increasing availability of other types of xQTL data, such as
chromatin accessibility QTL (caQTL) and alternative polyadeny-
lation QTL (apaQTL),'®?* " methods that allow simultaneous
integration of a larger number of molecular phenotypes with
the GWAS data are essential to enhance the power to discover
trait-associated molecular phenotypes and to infer the genetic
mechanisms underlying complex traits.

In this study, we developed OPERA (Omics PIEiotRopic Asso-
ciation), an efficient and powerful approach that only requires
summary statistics and reference LD to jointly analyze xQTL
data from multiple omics layers with GWAS data to uncover
plausible molecular mechanisms underlying GWAS loci. We
show by simulations that OPERA yields well-controlled false dis-
covery rate (FDR) and high power in detecting various patterns of
pleiotropic associations. Here, pleiotropic association is defined
as the association between a molecular phenotype and the trait
through shared causal variant(s); hence, it includes the scenario
where the molecular phenotype is a causative factor for the trait.
We applied OPERA to summary-level xQTL data for seven mo-
lecular phenotypes and GWAS data for 50 complex traits and
found that 50% of the GWAS signals were shared with at least
one molecular phenotype, and all the analyzed molecular pheno-
types were informative for interpreting the GWAS results.

RESULTS

Method overview

A full description of the OPERA method can be found in STAR
Methods. In brief, our method combines multiple types of
xQTL summary data (e.g., eQTL, mQTL, caQTL, hQTL, sQTL,
apaQTL, and pQTL) with GWAS data to detect pleiotropic asso-
ciations of molecular phenotypes with a complex trait at a GWAS
locus, with the primary aim of providing mechanistic interpreta-
tion of the GWAS signal. We define a GWAS locus as a 2-Mb win-
dow centered at each of the independent GWAS signals identi-
fied by LD clumping®® of GWAS summary statistics for a trait,
with the overlapping loci merged together. OPERA is a Bayesian
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generalization of the SMR and HEIDI approach?® to a multi-omics
model, in which the molecular phenotypes are considered as
multiple exposures and the complex trait is considered as the
outcome. No assumption is made on the order of the molecular
phenotypes regarding their effects on the outcome. For a locus
with t molecular phenotypes, there are 2! possible association
patterns of the exposures with the outcome (referred to as “con-
figurations,” Figure 1). For example, in the OPERA analysis
below with seven xQTL summary datasets, there were
27(=128) configurations in total. Assuming a point-normal
mixture distribution for the effect of each exposure on the
outcome (hereafter referred to as exposure effect), we model
the likelihoods of all possible configurations based on the SMR
estimates of the exposure effects and calculate the posterior
probability for each configuration (PPC). PPCs are combined
across configurations to compute a marginal posterior probabil-
ity of association (PPA) for each exposure and a joint PPA for a
combination of multiple exposures (integrating across the re-
maining exposures; STAR Methods). We focus primarily on
PPA rather than PPC because PPC could be inflated for some
configurations owing to a lack of power to detect small exposure
effects (STAR Methods).

Computing PPA requires prior probabilities for the configura-
tions (denoted by =r; see STAR Methods), which are unknown
(i.e., we do not know the proportion of each configuration across
the genome prior to the analysis). Given limited sample sizes of
GWASSs or xQTL studies, mis-specification of & can lead to false
positives in the posterior inference.’ In theory, we can perform a
full Bayesian analysis to estimate all the model parameters by
Markov chain Monte Carlo. In practice, however, such a full
Bayesian analysis is extremely challenging to achieve because
of the heavy computational burden owing to the presence of a
large number of sites at a locus for some exposures, such as
DNAm probes or chromatin accessibility peaks, and the com-
plex correlation structure between sites within and, potentially,
across loci (Data S1). Therefore, we propose a two-stage strat-
egy to approximate the full Bayesian inference. In the first stage,
we run a full Bayesian model to estimate = using a set of quasi-
independent loci (i.e., non-overlapping loci with the presence of
all molecular phenotypes in each locus) across the genome. In
the second stage, we compute the marginal PPA for each molec-
ular phenotype and the joint PPA for multiple molecular pheno-
types based on the estimated = values from stage 1. For a mo-
lecular phenotype with multiple sites at a locus, a randomly
selected site is used in the stage-1 analysis, and all the sites
are then analyzed one by one, in combination with the other mo-
lecular phenotypes, in the stage-2 analysis (STAR Methods). We
report the average marginal and joint PPA when a site or combi-
nation of sites is involved in multiple tests.

Like the single-exposure association identified by SMR that
can be driven by LD between distinct causal variants for the
exposure and outcome, the joint-exposure association identi-
fied by OPERA can also be due to LD between xQTL and
GWAS SNPs or between xQTL SNPs across exposures (Fig-
ure S1A). To filter out such associations, we perform a multi-
exposure HEIDI test, extended from the single-exposure
HEIDI test,® on the OPERA associations with PPA > 0.9 (STAR
Methods). The null hypothesis for the multi-exposure HEIDI
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Figure 1. Schematic overview of OPERA

OPERA combines GWAS summary statistics, multiple xQTL summary statistics from multiple omics layers, and reference LD to identify molecular phenotypes
and their combinations that are associated with a complex trait of interest because of pleiotropy. The OPERA analysis consists of three steps. OPERA first
estimates the global proportions of possible configurations (i.e., w) using a set of quasi-independent loci across the genome. Using the estimated = and data
likelihood under each configuration, OPERA then computes the posterior probability for each configuration (PPC,) for all possible combinations between mo-
lecular phenotypes at a GWAS locus. Thereafter, PPCs across configurations are combined to compute the marginal posterior probability of association (PPA) for
each exposure and the joint PPA for multiple exposures (STAR Methods). For associations with high PPAs (e.g., PPA > 0.9), OPERA performs the heterogeneity
test (multi-exposure HEIDI test) to reject associations that are caused by linkage. The marginal and joint molecular phenotype associations with high PPAs and
passed multi-exposure HEIDI test are accepted as pleiotropic/causal associations. The solid symbols represent the exposure sites associated with the outcome,
and the hollow symbols indicate that the exposure sites have a null effect on the outcome.

test is that the association between exposure(s) and outcome is
due to pleiotropy at the same causal variant(s) (referred to as a
homogeneous causal model; FiguresS1B and S1C). To claim
pleiotropic associations under a homogeneous causal model,
we only accept OPERA associations that pass the multi-expo-
sure HEIDI test (e.g., pueip > 0.01; justification for using this
threshold is discussed in Wu et al.’®). Like the single-exposure
HEIDI test, the multi-exposure HEIDI test is generally conserva-
tive, meaning that it can reject pleiotropic models when the
GWAS and xQTL causal variants are partially shared (Fig-
ure S1D), but its power to detect heterogeneity decreases

with the increase of LD between the GWAS and xQTL causal
variants.® To mitigate the cross-exposure leakage effect, we
used the joint-exposure effects (i.e., the joint SMR effects),
which can be estimated from xQTL and GWAS summary statis-
tics employing reference LD (STAR Methods, Data S2, and
Figures S2A and S2B), for estimating = in the stage-1 analysis
and detecting exposure-outcome associations in the stage-2
analysis. For the associations detected in the stage-2 analysis,
we further applied the multiple-exposure HEIDI test to reject
those inconsistent with a homogeneous causal model. We
have implemented OPERA in a user-friendly software tool
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Figure 2. Performance of OPERA in estimating the proportion of loci under each configuration and detecting multi-omics associations

(A) Estimation of  from OPERA using simulations based on the imputed genotype data from the UK Biobank, where = is the vector of proportions attributed to
each configuration. Shown are the results based on 400 simulated independent loci, with three molecular phenotypes at each locus. Each dot shows the mean
difference between the estimated and true proportions across 100 simulation replicates, and each solid line represents +1 SD. The x axis shows the configu-
rations with their true proportions in parentheses. For example, the proportion of configuration where none of the three exposures are associated with complex

(legend continued on next page)
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available at https://github.com/wuyangf7/OPERA. The whole
analysis only requires xQTL and GWAS summary statistics
and reference LD.

Assessing the performance of OPERA in estimating

prior probabilities

To assess the performance of OPERA in estimating the propor-
tion of loci under each configuration (output from the stage-1
analysis), we started by performing simulations based on un-
linked variants. We simulated 400 independent loci and three
molecular phenotypes at each locus (one exposure site per mo-
lecular phenotype and one xQTL per site). A complex trait (i.e.,
outcome) was simulated by assuming an additive model for
the exposure effects across loci (STAR Methods). The true asso-
ciation statuses of the exposures at each locus were sampled at
random given a setting of &, and the exposure effects on the
outcome were sampled from a point-normal mixture distribution
(STAR Methods). We set 0.78, 0.05, 0.02, or 0.01 as the propor-
tion of loci (i.e., the true values of «) with 0, 1, 2, or 3 exposures
associated with the outcome, respectively. The results showed
that & values were highly accurate (Figure S3) and not signifi-
cantly different from the true values of = (smallest p = 0.31),
with the accuracy measured by the relative difference between
7 and w (A, = (7 — m)/mw). We focused on the relative differ-
ence because it accounts for the uneven distribution of & (see
Figure S4 for the absolute difference between & and n, A, =
T — m). However, when the sample size is very small (e.g., n =
300), we observed a slight deflation for the alternative hypothe-
ses, and the deflation is inversely proportional to the number of
associated exposures due to a lack of power (Data S3). We
also performed simulations with sample sizes and xQTL effect
sizes observed from real xQTL data for five molecular pheno-
types and observed small and non-significant A, (Figure S5).
We further tested our method in a more extreme case where
half of the true & values were zero in the simulation and still found
the 7t value to be robust (Figure S6).

We next assessed our method in estimating = using simula-
tions based on the imputed genotype data from the UK Bio-
bank.?® Unlike the simulation based on unlinked variants where
there was only one variant per exposure at each locus, here
we simulated a locus by picking a 500 kb genomic region at
random and sampled the number of causal variants from a Pois-
son distribution (mean = 2) for each of the three exposures, al-
lowing LD between causal variants within and across exposures
(STAR Methods). We first simulated three well-powered xQTL
datasets with an even sample size (nygTL = 3,000) and compared
7 estimated using SMR (without HEIDI) with a psmg threshold of
0.05/400, using OPERA with marginal SMR effects and using
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OPERA with joint SMR effects. The results showed that 7 esti-
mated using OPERA based on the joint SMR effects, which ac-
counts for cross-exposure leakage effects (STAR Methods),
were unbiased, whereas the estimates using SMR were biased
(Figure S7), which is expected because of selection bias. We
further simulated xQTL datasets with a wide range of sample
sizes and observed results consistent with those from the simu-
lations based on unlinked variants (Figure 2A).

Assessing the performance of OPERA in detecting
multi-omics pleiotropic associations
We have shown above that the estimation of & from the stage-1
analysis of OPERA was sufficiently accurate. Here we evaluated
the FDR, false positive rate (FPR), and power of the stage-2 anal-
ysis of OPERA in detecting associations of molecular phenotypes
with a trait, using & from the stage-1 analysis (STAR Methods). It
has been shown previously that Bayesian posterior probabilities
such as PPA can be used to control FDR in a multiple-test
setting.®“? We first evaluated the relationship between PPA
and true discovery rate (TDR) in ten PPA bins, where TDR in
each PPA bin is computed as the number of causal exposures
divided by overall number of exposures in the bin. We observed
good agreement between PPA and TDR (r = 0.98, Figure 2B).
Next, we estimated the FDR at a given PPA threshold using an
empirical Bayesian approach'>*%** (STAR Methods), and
compared it with the observed FDR (Figure 2C), i.e., the proportion
of false positives among the identified exposures at a PPA
threshold. Figure 2D shows a strong concordance between the
estimated and observed FDR, meaning that in practice, a PPA
threshold can be analytically solved once a desired FDR level is
determined. Furthermore, we proposed an approach to estimate
FPR at a PPA threshold, given the estimated proportion of the null
model from the stage-1 analysis (STAR Methods). Our estimated
FPR was in almost perfect agreement with the observed FPR
(Figure 2E), i.e., the proportion of false positives under the null (Fig-
ure 2F), even at a relatively high significance level of 5 x 1072 (Fig-
ure S8). This result is appealing to researchers who prefer control-
ling FPR (e.g., using a genome-wide significance level) over FDR.
In this study, we used a PPA threshold of 0.9, which sufficiently
controlled the FDR below 0.05 and gave a power of at least 0.5
for detecting the simulated causal exposures (Figure 2G), where
the mean exposure effect variance estimated from the real data
was used as the true value in the simulation. In practice, a different
PPA threshold can be selected depending on the desired FDR or
FPR level for the study.

One major advantage of the joint analysis of multi-omics xQTL
data is that it can substantially increase power. To demonstrate
this, we compared the power of the joint analysis with that of

trait, i.e., H:0:0:0, is 0.78. The red dashed line represents zero difference between the estimated and true proportions. The color of the box denotes the sample

size of xQTL studies for the three exposures.

(B) Relationship between PPA and the true discovery rate across ten PPA bins. Colors show the results of different association hypotheses, e.g., H:1 indicates the
marginal association of the first exposure with the outcome, and H:123 indicates joint association of three exposures with the outcome. The red line represents

y = X

(C, E, and G) The observed false discovery rate (FDR), false positive rate (FPR), and power along with an increasing PPA threshold. In (C) and (E), the red dashed

line represents an FDR or FPR of 0.05.

(D and F) Consistency of the estimated and observed FDR (or FPR) from OPERA given a PPA threshold, with the red line being y = x.
Shown in (B) to (G) are the results computed from 100 simulations using a sample size of 300,000 for GWASs and 1,000 for the xQTL studies.
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Figure 3. Increased discovery power using
joint analysis of multiple xQTL datasets

— (A) The statistical power of OPERA for detecting
causal exposures in simulations using all xQTL data
jointly or each xQTL dataset separately. The error
bar is the estimated standard error of the mean
across simulation replicates.
(B) The power of OPERA in simulations with different
numbers of causal exposures.

0.01% 0.1% 1%
Outcome variance explained by an exposure

separate OPERA analysis of each molecular phenotype individ-
ually. We opted for the separate OPERA analysis instead of SMR
as it allows for comparison based on the same PPA threshold,
and because the separate OPERA analysis showed receiver-
operating characteristic (ROC) curves very similar to those of
SMR (Figure S9). In the simulations, we set different values for
the proportion of variance of the trait explained by each expo-
sure measure on average (Rfy) for the three molecular pheno-
types (STAR Methods). The results showed that compared
with the separate analysis, the joint analysis consistently
increased the discovery power for each molecular phenotype,
particularly for the molecular phenotype with the smallest F?fy
(power increased by 1.7-fold; Figure 3A). We further compared
the power of joint and separate analyses in the simulations
with varying numbers of causal exposures. Our results showed
a significant increase in power with an increasing number of
causal exposures for the joint analysis but not for the separate
analysis (Figure 3B).

We next calibrated the multi-exposure HEIDI test by simula-
tion. Under the null model where the causal exposures and the
outcome shared the same causal variant(s) (homogeneous
causal model; Figures S1B and S1C), the multi-exposure HEIDI
test statistics were not inflated regardless of whether we tested
a single exposure separately or two exposures jointly
(Figures S10A and S10B). We then simulated the alternative
model in which only the first exposure had a causal effect on
the outcome (heterogeneous causal model), and the causal
variant of the second exposure was in LD (0.1<r?<0.9) with
that of the first exposure (Figure S1A). When each exposure
was tested separately, the multi-exposure HEIDI test statistics
were not inflated for the first exposure (Figure S10C) but inflated
when two exposures were tested jointly (Figure S10D), indicating
that the multi-exposure HEIDI test correctly accepted the config-
uration that only the first exposure was in pleiotropic association
with the outcome and rejected the configuration that the two ex-
posures were jointly in pleiotropic association with the outcome.

To assess the robustness of OPERA, we performed extensive
simulations that involved various scenarios, such as reducing the
xQTL sample size, utilizing sample size and effect size as
observed from real data, treating 10% of exposure sites as
missing, simulating exposures with multiple sites at a locus, us-
ing a different significance threshold to estimate the prior vari-
ance, and simulating correlated effects between exposures.
The simulation results showed that OPERA remains robust in
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all scenarios (Data S4 and Figures S11-S16). Furthermore, we
examined the potential impact of cellular heterogeneity (i.e.,
cell-type-specific xQTL or exposure effect) on the multi-expo-
sure HEIDI test and found that the multi-exposure HEIDI test re-
mained robust in distinguishing the homogeneous and heteroge-
neous causal models even in the presence of cellular
heterogeneity (Data S5 and Figure S17).

Comparison of OPERA with other colocalization
methods

We compared OPERA with three state-of-the-art colocalization
methods, i.e., MOLOC,?° HyPrColoc,?" and Primo, '° all of which
report PPC for a substantial number of configurations at SNP
level to make a distinction between homogeneous and hetero-
geneous causal models. For a fair comparison, we collapsed
the PPC of MOLOC, HyPrColoc, and Primo into PPA, following
the same procedure as in OPERA (STAR Methods). We used the
same summary statistics as input for all methods and applied
the default prior probabilities for MOLOC (version 0.1.0) and
HyPrColoc (version 1.0), while Primo (version 0.2.1) estimated
its prior probabilities. We provided Primo the same LD reference
used in the OPERA analysis for conditional association analysis.
The results showed that OPERA outperformed MOLOC,
HyPrColoc, and Primo, as evidenced by the higher area under
the ROC curve and higher power at the same levels of FPR (Fig-
ure 4). Moreover, OPERA is computationally much more effi-
cient, being approximately 6 times faster than HyPrColoc, 29
times faster than Primo, and 56 times faster than MOLOC in an-
alyses involving three molecular phenotypes (Table S1). While
MOLOC and Primo exhibited a substantial increase in
computing time when the number of exposures increased
from three to four, OPERA’s computing time only increased
slightly (Table S1), indicating that the rate of increase was
slower for OPERA compared with MOLOC and Primo.

Identifying multi-omics pleiotropic associations from
real data

We applied OPERA to test for pleiotropic associations of seven
molecular phenotypes with 50 complex traits. The GWAS sum-
mary data were from the largest available GWAS meta-ana-
lyses?®**~*3 for 19 complex traits and from the UK Biobank for
31 complex traits (Table S2). The blood eQTL summary data
were from the eQTLGen study®” (n = 31,684) and the CAGE
study* (n = 2,765), and the caQTL summary data from
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Figure 4. Comparison of OPERA with three existing methods: MOLOC, Primo, and HyPrColoc

(A-C) The x axis represents the false positive rate, and the y axis represents the statistical power (as measured by true positive rate) of the methods.

(D-F) The power of the methods (y axis) at different levels of false positive rate (x axis). We cannot compare OPERA with HyPrColoc with a full ROC curve because
HyPrColoc only reports significant PPA that passes the internal selection criterion.

lymphoblastoid cell lines were from Kumasaka et al.>* (n = 100).
The mQTL summary data were generated from a meta-analysis
of two blood mQTL datasets from McRae et al. (n = 1,980)."%2°
Both sQTL and apaQTL?’ summary data were from the whole
blood samples included in the GTEx project v8*° (n = 670). The
summary-level hQTL (including H3K27ac and H3K4me1) data
for naive CD14* monocytes were from the BLUEPRINT project?®
(n=200), and the plasma pQTL summary statistics were from the
INTERVAL study?® (n = 3,301). All the xQTL effects were in stan-
dard deviation (SD) units. After applying quality control filters
(STAR Methods), we retained 15,511 genes for eQTLGen,
9,538 genes for CAGE, 13,834 chromatin accessibility peaks,
90,827 DNAm sites, 6,638 RNA splicing events, 1,050 3' UTR
alternative polyadenylations, 18,153 histone marks, and 687
proteins with at least one xQTL with p<5 x 10~8. To compute
the joint SMR effects, we performed GCTA-COJO*® analysis to
identify quasi-independent xQTL signals for each molecular
phenotype. The proportion of variance in a molecular phenotype
explained by an xQTL COJO signal, on average, increased in the
order of pQTL, eQTL (CAGE, n = 2,765), mQTL, apaQTL, sQTL,

hQTL, and caQTL, while the number of xQTL COJO signals
decreased in reverse order (Figures S18A and S18B), an order
consistent with a higher level of complexity in genetic architec-
ture for molecular phenotypes functionally more distal from
DNA. However, it should be noted that sample size also contrib-
uted to the observed differences. When the eQTLGen dataset
was used instead of CAGE, the eQTL result appeared to be an
outlier (Figures S18C and S18D), likely due to the much larger
sample size of the eQTLGen data than that of the other xQTL da-
tasets, leading to a discovery of many eQTLs with smaller ef-
fects. We used the eQTLGen data for discovery because its sam-
ple size is much larger than that of the CAGE data.

In the stage-1 analysis, the global proportions of the 128 con-
figurations for each complex trait (STAR Methods) need to be
estimated from genome-wide quasi-independent loci, which re-
quires the presence of all seven molecular phenotypes at each
locus. Thus, we started with the pQTL data because of their
low coverage (698 proteins in total), defined a 500-kb region/lo-
cus centered around the coding gene of each protein, and
excluded loci at which any of the other molecular phenotypes
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was missing. For the molecular phenotypes with multiple sites,
we randomly sampled one site at each locus. On average, across
the 50 complex traits, the proportion of loci with at least one mo-
lecular phenotype associated with a complex trait (mx = 1 —
[proportions of loci with no association]) was 21.0% (Figure S19).
Note that m,; should be interpreted as the proportion of xQTLs
associated with complex traits rather than the proportion of
GWAS loci associated with molecular phenotypes because not
all the selected loci harbored GWAS signals. The estimate of
it varied substantially across the complex traits, ranging from
8.9% (SE = 2%) for Alzheimer’s disease to 61.9% (SE = 4%)
for height. We then investigated whether 7, varied with
GWAS sample size. We observed a significant decrease of
when analyzing GWAS data for height and body mass index
(BMI) with smaller sample sizes®”*® (Figure S20A). Given the
limited number of quasi-independent loci with all seven molecu-
lar phenotypes present (ranging from 148 to 168 across complex
traits), we examined the robustness of the estimation by
comparing 74 With the estimate from the analysis of two expo-
sures, for which more independent loci were available (ranging
from 400 to 134,103, depending on the molecular phenotype
combination). To compare the results between the seven-expo-
sure and two-exposure analyses, we computed a marginal 7
for each molecular phenotype by summing up the relevant ele-
ments in 7. The result showed that the marginal-proportion
war for each molecular phenotype estimated from the seven-
exposure analysis was highly consistent with that estimated
from the two-exposure analysis (Figure S20B).

We then used & from the stage-1 analysis to perform the
stage-2 analysis, followed by the multi-exposure HEIDI test, at
the independent GWAS loci after LD clumping (LD r? threshold =
0.01 and window size = 1 Mb) for the 50 complex traits. For ease
of computation, we included only the molecular phenotype sites
that passed the nominal SMR threshold (i.e., psmr < 0.05) within
1 Mb distance of each GWAS signal in either direction, resulting
in a total number of ~1.1 million pleiotropic association tests. We
limited our analysis in such a 2 Mb window because for some
molecular phenotypes, the xQTL data were only available for
SNPs within 1 Mb of the target site. At a PPA threshold of 0.9
and ppepr threshold of 0.01, we identified 42,305, 61,794,
218,809, 215,344, 112,052, or 23,782 pleiotropic associations
for which 1, 2, 3, 4, 5, or 6 molecular phenotypes were associ-
ated with a complex trait, respectively, but none of the GWAS
signals was explained by all seven molecular phenotypes jointly
(Figure 5A). The estimated FDR for each marginal or joint associ-
ation was <0.05, with an average of 0.023 across association
combinations and traits, meaning that the overall FDR of the
whole experiment was also <0.05. Across 50 complex traits,
we observed a strong correlation between the number of asso-
ciated molecular phenotypes and the number of independent
GWAS loci (Figure S21). The number of identified pleiotropic as-
sociations (42,305) was larger than the number of GWAS loci
examined (12,068), suggesting, on average, ~3.5 trait-associ-
ated molecular phenotypes per GWAS locus. These pleiotropic
associations consisted of 17,619 unique molecular phenotype
measures (Tables S3-S9), of which 7,901 were not detected by
a separate analysis of each omics layer individually. For
example, the joint analysis with the seven layers of xQTL data
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identified 2,169 unique genes (Table S3), 793 of which were
not detected by the analysis using eQTL data only, demon-
strating the increased power of gene discovery through the joint
analysis of multi-omics xQTL data. For each of the other six
types of xQTLs, the seven-exposure analysis consistently
discovered more trait-associated sites than the single-exposure
analyses (Figure S22), in line with the simulation results, particu-
larly for exposures with small effects (Figure 3A). Of the 2,169
prioritized genes, 1,493 genes (68.8%) were associated with at
least one cis-regulatory molecular phenotype (i.e., DNA methyl-
ation, histone modification, or chromatin accessibility), indi-
cating that the trait-associated genes were largely modulated
by cis-regulatory elements. We identified 57 proteins that
showed pleiotropic association with the complex traits
(Table S4), 26 (45.6%) of which were detected in joint pleiotropic
association with a cis gene, similar to the reported overlapping
proportions between cis-pQTLs and cis-eQTLs from previous
studies.?*>*°

The pleiotropic associations we identified included genes and
proteins that were reported previously for the corresponding
traits. For example, 32 of the 72 schizophrenia (SCZ)-associated
genes identified by eQTLs using the seven-exposure analysis
overlapped with the genes reported in a recent study by inte-
grating a newer release of the SCZ GWAS data with the eQTL-
Gen data using SMR, including SNX79 and RERE that have
been validated by other studies using different methods.*?°
We identified protein CD33.3166.92.1 for Alzheimer’s disease
using the plasma pQTL data, consistent with the function of
the CD33 gene, which is to increase the number of activated hu-
man microglia.’® Some proteins that are the targets of approved
drugs were found to be associated with the corresponding dis-
ease, such as interleukin-6 receptor for coronary heart dis-
ease.”’ We detected several genes and proteins that showed
pleiotropic effects on multiple traits, e.g., MAPK3.2855.49.2 pro-
tein, which was identified to be associated with three ftraits,
including red blood cell counts, height, and BMI, implying a
shared molecular mechanism between the traits at the MAPK3
locus. We also performed four sets of validation analyses to
replicate or validate the pleiotropic associations detected by
the analyses above (Data S4).

Understanding the molecular mechanisms at GWAS loci

The detection of pleiotropic associations of different combina-
tions of molecular phenotypes with complex traits provides
new insights into the molecular mechanisms underlying the
GWAS signals. Across the 50 complex traits, we observed
50.0% of GWAS loci had at least one molecular phenotype asso-
ciation in the joint analysis, with the proportion varying from
22.2% for hemorrhoids to 63.3% for waist circumference
adjusted for BMI (Figure 5B). Notably, 24.9% of GWAS loci
had at least two molecular phenotypes jointly associated with
a trait, suggesting the synergistic actions of molecular pheno-
types in mediating the genetic effects on complex traits. Only
19.8% of GWAS loci had a transcriptional abundance associa-
tion in blood (Figure 5B), likely because of spatiotemporal effects
or mechanisms beyond the genetic control of transcriptional
abundance, in line with the conclusion from a prior study of auto-
immune diseases.”” About 39.0% of GWAS loci had a DNA
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Figure 5. Proportion of GWAS loci explained by the detected pleiotropic associations in the joint analysis with seven molecular phenotypes
(A) Proportion of GWAS loci explained by each combinatorial pleiotropic association. The quantified proportions are based on results of passed PPA and multi-
exposure HEIDI rather than PPC, thus these proportions are not independent and the sum of them is not equal to 1. The x axis shows the association hypotheses
with different molecular phenotype combinations; only 32 combinations with largest proportion of GWAS loci explained are shown in the plot. The purple (gray)
block represents the presence (absence) of each molecular phenotype, including protein, RNA splicing (Splicing), 3’ UTR alternative polyadenylation (APA), DNA
methylation (DNAm), histone modification (HistM), chromatin accessibility (ChromA), and gene expression (Gene). The y axis shows the proportion of GWAS
independent loci explained by each marginal or joint association hypothesis across 50 complex traits. In each violin box, the center line shows the median, box
limits are the upper and lower quartiles, whiskers represent 1.5x interquartile range, and individual points are outliers.

(B) Relationship between proportion of GWAS loci explained by each type of molecular phenotype and number of tested exposure sites for each molecular
phenotype.

(C) Proportion of GWAS loci explained by any molecular phenotype or gene only for the analyzed 50 complex traits. The estimated proportions are dependent on
the sample sizes of xQTL studies in two ways. First, the estimated proportion for each marginal or joint association is expected to be a lower bound given the
limited xQTL sample sizes for most molecular phenotypes. Second, the relative differences between molecular phenotypes partially reflect the differences in
power between xQTL studies in addition to the differences between the true proportions. The acronyms for complex traits can be found in STAR Methods.
(D) Proportion of overlap of molecular phenotypes in the identified joint associations. The proportion is calculated as the number of identified joint associations for
each pair of molecular phenotypes divided by the square root of the product of the number of identified marginal associations for each molecular phenotype.
Similar to (A), the estimated overlapping proportions are likely affected by sample sizes and coverage of the molecular phenotypes.

methylation association, and DNA methylations were actively (n = 1,980) was much smaller than that of the eQTL data
involved in the joint associations with other molecular pheno-  (n = 31,684), highlighting the importance of integrating mQTL
types (Figure 5C), although the sample size of the mQTL data data to dissect molecular mechanisms at GWAS loci. Among
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the seven xQTL datasets analyzed, apaQTL, pQTL and sQTL ac-
counted for the three smallest proportions of the GWAS loci
(1.6%, 3.4%, and 7.5%, respectively), mainly due to the limited
sample size (n = 670 for both apaQTLs and sQTLs) and limited
number of exposure sites included in the analysis (n = 1,050,
6,638, and 687 for apaQTLs, sQTLs, and pQTLs, respectively;
Figure 5D). Despite the small sample sizes of the hQTL
(n = 200) and caQTL data (n = 100), 15.3% and 14.6% of the
GWAS signals were shared with histone modification and chro-
matin accessibility sites, respectively. Overall, all the analyzed
molecular phenotypes played a role in explaining the GWAS sig-
nals. The remaining unexplained GWAS loci (~50%) open op-
portunities for future work to fully characterize the molecular
mechanisms underlying GWAS loci through increasing the diver-
sity and sample sizes of xQTL data (see below for more
discussion).

We also observed association signals of multiple molecular
phenotypes shared with a single GWAS signal. The MANBA
gene for type 2 diabetes (T2D) was such an example. We showed
that MANBA was associated with T2D jointly with five other
types of molecular phenotypes, except for alternative polyade-
nylation (joint PPA for all six molecular phenotypes = 0.998) (Fig-
ure S23). The SNP-association pattern from GWAS was consis-
tent with that from all the six xQTL studies, implying a plausible
regulatory mechanism through which the SNP effect on trait is
mediated. A similar example was found for SCZ at the RERE lo-
cus (Figure S24). There was another example in which five types
of molecular phenotypes were jointly associated with prostate
cancer at the MSMB locus (joint PPA = 0.952), where the SNP-
association signals were consistent across the GWAS and all
the xQTL data (Figure 6). Of note, the association between the
MSMB.10620.21.3 protein and prostate cancer was identified
using the blood pQTL data, but there was no significant eQTL
for MSMB in the eQTLGen data (blood tissue), consistent with
the observation that the expression level of MSMB was pros-
tate-tissue specific (Figure S25). Adding the GTEx>® prostate
eQTL data for a six-exposure OPERA analysis identified signifi-
cant pleiotropic association of the expression level of MSMB,
among other molecular phenotypes (i.e., chromatin accessibility,
histone modifications, DNA methylations, protein abundance),
with prostate cancer. The estimated effects of both the protein
and gene on prostate cancer were protective. We further
checked the expression of MSMB in The Cancer Genome Atlas
database and observed that the expression of MSMB in the
normal prostate tissue was almost 2-fold higher than that in tu-
mor tissue (Figure S25), consistent with the protective role of
MSMB against prostate cancer.

DISCUSSION

In the present study, we have developed a powerful and efficient
method for joint analysis of summary statistics from GWASs and
multi-omics xQTL studies to detect pleiotropic associations be-
tween molecular intermediates and a complex trait of interest,
with the primary aim of providing mechanistic interpretations of
GWAS signals. Compared with the separate analyses of each
layer of the xQTL data analyzed with the GWAS data one by
one, the joint analysis of multi-omics xQTL data gains power,

10 Cell Genomics 3, 100344, August 9, 2023

Cell Genomics

enabling the detection of molecular phenotypes with relatively
weak effects. Compared with other existing integrative methods
that can analyze multiple xQTL datasets, our method features
the ability to estimate the global proportions of omics-trait asso-
ciation configurations from the data, control spurious associa-
tions due to the cross-exposure leakage effect, and relax the
strict assumption about the number of causal variants per locus
(e.9., MOLOC assumes at most one causal variant for each
phenotype at a GWAS locus). Since OPERA uses the SMR esti-
mates of exposure effects as the input, estimates from other MR
approaches can also be used as long as they can provide the
joint estimates of multiple exposures from summary statistics.
Unlike the methods that assess the concordance of association
signals of many SNPs at a locus among phenotypes, e.g.,
MOLOC and Primo,'® OPERA is established on the SMR esti-
mates of the exposure effects, which are at a higher level than
the SNP effects, allowing for efficient integration of a number
of molecular phenotypes simultaneously with GWAS data.
Furthermore, the multi-exposure HEIDI test allows us to select
high-PPA associations with evidence of pleiotropy (association
between exposures and outcome due to shared causal variant
[s]). Although the multi-exposure HEIDI test can indicate whether
a GWAS signal shares the same underlying causal variant(s) with
other molecular phenotypes, it cannot further prioritize causal
variant(s). Methods that integrate functional annotation data
with GWASs (e.g., latent probit model®¥) can be used to fine-
map the putative causal variants at the loci detected by OPERA.

Through a large-scale analysis with the largest available sum-
mary-level GWAS data for 50 complex traits (n = 20,833-
766,345) and xQTL data from seven omics layers (n = 100-
31,684), we identified pleiotropic associations of 17,619 molec-
ular phenotype measures with 50 complex traits, with an impor-
tant observation that approximately 50% of the GWAS signals
were shared with at least one molecular phenotype. The esti-
mate of 50% is, however, likely to be a lower limit for the
following reasons. First, the mechanisms underlying the GWAS
loci are certainly not limited to the molecular phenotypes
analyzed in the present study. Hence, adding other types of
xQTLs (e.g., post-transcriptional modification and metabolite
QTLs) is expected to link more GWAS loci with molecular inter-
mediates and unveil new mechanisms. Second, the sample
sizes of the xQTL studies are often small so that some of the
small- to moderate-effect xQTLs remain undetected, as evi-
denced in the previous eQTL studies®>>° where the number of
genes detected with a cis-eQTL increased from 44% to 88%
when the sample size increased from ~5,300 to ~32,000. In
addition to the xQTL sample size, small sample sizes of GWAS
can also lead to a decrease in OPERA power (Figure S26). Third,
given that the xQTL data used in this study were predominantly
from blood, xQTLs with tissue-, cell-type-, or developmental-
stage-specific effects were likely to be under-represented, giv-
ing rise to another type of power loss. For example, the associ-
ation between MSMB gene and prostate cancer was missed in
the analysis with the blood eQTL data but identified with the
prostate eQTL data. When the analyzed xQTL data are from
bulk tissue, the power of xQTL detection can vary substantially
across XQTL datasets from different studies because of differ-
ences in effect size, cellular specificity, cellular composition,
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Figure 6. Prioritizing genes at the MSMB locus for prostate cancer

The top track shows the —logo(p values) of the GWAS SNPs (gray dots) for prostate cancer. The red diamonds represent OPERA marginal PPA for associations of
genes using eQTL data from the GTEx prostate tissue, and circles with different colors are the marginal PPA from OPERA for associations of chromatin peak,
histone modification, DNA methylation, and protein with the prostate cancer, respectively. The second track shows —log+(p values) of SNP-gene associations for
MSMB gene from the GTEx prostate tissue. The subsequent tracks show —log+o(p values) of SNP associations for other molecular phenotypes from the cor-
responding xQTL datasets (STAR Methods). The track on the bottom shows 14 chromatin state annotations inferred from the 127 Roadmap Epigenomics
Mapping Consortium samples.

and/or sample size, which may explain some of the GWAS lociat  coverage; for example, for the proteome only 687 proteins
which the GWAS signals are shared with only one type or a few  were included in our analysis, largely owing to the limitation in
types of xQTLs. Fourth, some of the omics layers had limited the technology used to measure proteins. Data from more
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advanced techniques with substantially higher coverage (e.g.,
protein abundance measures from mass spectrometry or DNA
methylation measures from whole-genome bisulfite sequencing)
are promising to provide a more comprehensive xQTL profile to
saturate the GWAS loci. Fifth, we restricted our analyses to the
molecular phenotypes within 1 Mb distance of the GWAS signal
because of the complexity of the computation and data availabil-
ity. Therefore, long-range genetic regulations beyond this win-
dow (including the trans-xQTLs) were not included in our anal-
ysis. Sixth, the small sample sizes for some molecular
phenotypes could lead to conservative estimates of 7 for the
alternative hypotheses (Figure S3), which might reduce the po-
wer to detect the true associations.

Limitations of the study

We note several limitations of our work. First, OPERA is a two-
stage approach where we first estimated the proportions of the
model configurations from independent xQTLs with balanced
data and then used the estimates as priors to compute the pos-
terior probabilities of associations at all xQTLs. While a linear rela-
tionship (r= 0.66) was observed between 7ppa from stage-1 anal-
ysis and proportion of GWAS loci explained by combinations in
stage-2 analysis (Figure S27), a full Bayesian approach that
simultaneously performs parameter estimation and a hypothesis
test is more favorable but computationally infeasible under the
current method framework. Second, even though our method is
efficient, with the computation time independent of the number
of SNPs and sample sizes, further optimizations are needed to
analyze a large number of xQTL datasets (e.g., >10). For
example, it is infeasible to apply the current OPERA analysis to
analyze all 49 GTEx tissues because of the computational
burden. Other methods, such as CAFEH,"° are capable of jointly
analyzing data from multiple tissues but are limited to a single
omics layer. Third, the multi-exposure HEIDI test is conservative
partly because of the removal of loci without enough SNPs in
common between the GWAS and xQTL datasets and because
of the potential heterogeneity in per-SNP sample size, especially
when the summary statistics are from multi-cohort meta-ana-
lyses. The conservativeness of the multi-exposure HEIDI test
also lies in the fact that it rejects associations for which the causal
variants are not shared among exposures. For example, two ex-
posures that are associated with the outcome through two
distinct causal variants will not pass the multi-exposure HEIDI
test if the causal variants are in LD, regardless of whether the ef-
fects of the exposures on the outcome are causative or not (Fig-
ure S28). Of note, if the causal variants for the exposures are in-
dependent, each exposure-outcome association can pass the
single-exposure HEIDI test. Therefore, we reason that the expo-
sure-outcome associations that pass the stage-2 analysis but fail
in the multi-exposure HEIDI test could be worth considering in
follow-up studies. Fourth, we interpret the detected associations
from our method as pleiotropy; further analysis to distinguish
causality (i.e., vertical pleiotropy) from horizontal pleiotropy re-
quires multiple independent trans-xQTLs for a single molecular
phenotype measure. Despite these limitations, our results re-
vealed that more than half of GWAS signals shared with the mo-
lecular phenotypes and provide new insights into the biological
mechanisms underpinning complex trait variation. To obtain a
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more saturated map linking molecular intermediates to GWAS
loci requires xQTL data with more molecular phenotypes,
measured while considering spatiotemporal effects in larger
samples and potentially in different populations.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

UK Biobank data Bycroft et al.*” http://www.ukbiobank.ac.uk

Cis-eQTL summary statistics Vésa et al.?” https://www.eqtlgen.org/cis-eqtls.html

Cis-hQTL summary statistics Chen et al.*® ftp://ftp.ebi.ac.uk/pub/databases/blueprint/blueprint_Epivar/qtl_as/

Cis-mQTL summary statistics Wu et al.’® https://yanglab.westlake.edu.cn/software/smr/#DataResource
Zenodo https://doi.org/10.5281/zenodo.7949311

Software and algorithms

OPERA This study https://github.com/wuyangf7/OPERA
Zenodo https://doi.org/10.5281/zenodo.7903457

GCTA Yang et al.”’ https://yanglab.westlake.edu.cn/software/gcta/#Download

SMR Zhu et al.® https://yanglab.westlake.edu.cn/software/smr/

MOLOC Giambartolomei et al.”® https://github.com/clagiamba/moloc

Primo Gleason et al.'® https://github.com/primocms/primo

HyPrColoc Foley et al.”’ https://github.com/jrs95/hyprcoloc

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Jian Yang
(ian.yang@westlake.edu.cn).

Materials availability
This study did not generate new unique reagents.

Data and code availability

The source code of OPERA is available at https://github.com/wuyangf7/OPERA or Zenodo: https://zenodo.org/record/7903457#.
ZFbmVOzMKQc (https://doi.org/10.5281/zenodo.7903457). The summary-level cis-eQTL data of the eQTLGen project are publicly
available at https://www.eqtlgen.org/cis-eqtls.html. The blueprint data are available at ftp://ftp.ebi.ac.uk/pub/databases/blueprint/
blueprint_Epivar/gtl_as/. The summary statistics of the mQTL data are available at https://zenodo.org/record/7949311#.
ZGa0POzMKog (https://doi.org/10.5281/zenodo.7951839) or https://yanglab.westlake.edu.cn/software/smr/#DataResource. The
HRS data are available from dbGap (accession number: phs000428) and the UK Biobank data are available through formal applica-
tion to the UK Biobank (http://www.ukbiobank.ac.uk). All the other datasets used in this study are available in the public domain.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Ethical approval
This study was approved by the University of Queensland Human Research Ethics Committee B (approval no. 2011001173) and the
Ethics Committee of Westlake University (approval no. 20200722YJ001).

METHOD DETAILS

Single-exposure OPERA model
OPERA is a Bayesian method to test for associations of multiple molecular phenotypes (exposures) simultaneously with a complex
trait (outcome). For the ease of illustration, we will start describing the OPERA model with a single exposure and then generalise it to a
multi-exposure model.

When only one exposure is considered, OPERA becomes a Bayesian analysis of the SMR model.® SMR is a method that uses a
genetic variant as an instrument variable to test for association between a molecular phenotype (exposure) and a complex trait
(outcome). If we denote z as an instrument SNP associated with the exposure x, and y as the outcome, the SMR estimate of the effect
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ofxonyis Exy = Bzy/EZX with var(EXy) :f:iiy (% + M) assuming that bzx (the xQTL effect) and bzy (the GWAS effect) are esti-
mated from independent samples. We model Exy as (for simplicity, by, will be denoted by b hereafter)
b=b+e

where b is the true effect of the exposure on the outcome and e is the estimation error with e ~ N(0, ¢2) . We assume that b follows a
point-normal mixture distribution

b ~ wN(0,62)+(1 — m)g

with & being the proportion of sites (e.g., genes or DNA methylation sites) of the exposure with nonzero effects and ¢ being the point
mass at zero. In this case, b follows a mixture normal distribution

b ~ 7N(0,02 + o) + (1 — m)N(0, 03)

We estimate o2 from the standard error of b reported by SMR and estimate o2 (i.e., variance of the non-zero effects) by the variance
of the estimated SMR effects at FDR <0.05, adjusting for the estimation errors.*’ Although we specifically used b from SMR that uses
the top xQTL as an instrument, the OPERA framework can be extended to use b estimated based on multiple instrumental SNPs.

Given the models above, the marginal likelihood of the alternative (H1 : b#0) and null (Hp : b = 0) hypotheses are

~ B (c - 1)p?
f(b|H;) e (Ca2) exp —a (Equation 1)
N 1 b2
f(b|Ho) = (02) Zexp{ - ﬁ} (Equation 2)

where C = 1 +j—§. Then, the posterior probability supporting H; given bis
b

f(b|Hy) X
f(b|Ho) X (1 — m)+f(b|H,) %

Pr(Hi|b) =

Multi-exposure OPERA model

The single-exposure OPERA model above can be extended to analyze multiple types of xQTL summary data jointly with the GWAS
summary data by regarding the different types of molecular phenotypes as multiple exposures (Figure 1). If there are t molecular phe-
notypes in a genomic region with one site for each molecular phenotype (i.e., t exposures), then b= [51 e Bt] is a vector of the SMR
estimated effects of the exposures on the outcome. For exposure i, we introduce a dummy variable 4; € {0,1} to indicate whether this
exposure affects the outcome (i.e., if ;; = 0,b; = 0;if4; = 1,b;#0). Hence, there are Q = 2! possible patterns of how the t exposures
are associated with the outcome (referred to as “configurations”; see Figure 1 for example). Let 6 be a random variable that takes
values of 1,2, ..., Q to index the configurations with probabilities = = [my,m2,...,7mq], i.€.,

The posterior probability for supporting the y ™ configuration (PPC,) is

f(blo=y)xf(6=v|r,)  f(blo=ry)xm,

PPC, = Pr(6 = v|b,n) = - = -
PP =k f(b|m) - 4f(bl6 = k) x m

(Equation 3)

where f(5|6 = v) is the joint likelihood of data across t exposures under configuration .

To compute PPC,,, we need to know f(E\é = v) and = (i.e., the global proportions of association patterns of the t molecular phe-
notypes with the complex trait). Assuming that the underlying true effects (i.e., b) are independent among molecular phenotypes and
the xQTL data are obtained from independent samples, f(5|5 = y) can be computed as the product of the marginal likelihood for
each exposure,

t
f(blo = Hf (by|H1 )" 5= f(b;|Hg)' ~ o= (Equation 4)

i=
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where }; is known given 6 = v, f(E,-|H1) and f(E,—|H0) are the marginal likelihood for 5,- under H (i.e., bj#0) and under Hy (i.e., b; = 0),
respectively (see Equations 1 and 2 above). When the xQTL data are from overlapping samples, we compute the likelihood from the
multivariate normal distribution,

f(blo = v) = (2ﬂ|>:b+ze\)*%exp{ - %BT[zb+zer1E}

where X, is a diagonal matrlx with the diagonal elements of ab when A; = 1 and 0 otherwise, and X, is the variance-covariance matrix
of the estimation errors, i element of which is pjy /02 02, with p; being the between study correlation due to sample overlap. We
estimate p; using the SMR estimated effects of nu exposure sites (p > 0.01) by a summary data-based approach described in Qi
et al.°” Computing the PPC, requires m (Equation 3), which are unknown in practice. Ideally, the problem can be solved by a full
Bayesian analysis that makes simultaneous inference on the global parameters # and the local variables 4. However, some molecular
phenotypes often have multiple sites or are missing at some loci, which makes it difficult to perform the full Bayesian analysis due to a
heavy computation burden and complex correlation structures of molecular phenotype sites. We therefore propose a two-stage
model to first estimate = using genome-wide quasi-independent loci with an uninformative prior distribution, and then compute
PPC for each set of molecular phenotype sites at each genomic locus of interest, given the estimated & from the stage-1 analysis.

Stage-1 OPERA analysis

The aim of this analysis is to estimate & from data across the genome. Based on the molecular phenotype with the lowest genomic
coverage, we select m approximately independent genomic loci (distance >500Kb between loci), each with t molecular phenotypes
(note: we randomly sample one site as a representative if an exposure has multiple sites at a locus). We assume that # = {71, ..., 7o}
follows a Dirichlet distribution with parameters @ = {a1,...,aq},

Q
-1
oc Ay
11~
v=1

At locus /, 6; has a categorical distribution given r,

f(8|m) = H Tr\ﬁ/*v\

where |6, = y|equalsto 1 when §, = y and 0 otherwise. Therefore, the joint distribution of the data B= {51 ey Bm} and the unknowns
0 and m, across m independent loci, is

m
f(B,o,m) = f(B|o, m)f(o|m)f( Hf b,|6))f (6| m)f ()
/=
where f(B,\é,) is defined as in Equation 4 and f(ﬁ\é,n) = H f(b,|5,), because loci are assumed to be independent and b; do not
depend on & once conditional on §,. To make posterior inféreice on =, the Gibbs sampling algorithm is employed to draw samples
from the full conditional distributions for é and m, iteratively as below.
Since all loci included in this stage are assumed to be independent, the full conditional distribution for 6, only depends on b, but not
b at other loci.
f(6)|by, ) = "L GIMGonditional on by and r, the probability of 6 = y has the same form as Equation 3, i.e.,
f(by,m)
f(by6 = v) x m,
Soke=1f(byo = k) x m

based on which ¢, is sampled from a categorical distribution. The full conditional distribution for m, given B and 0, is

Pr(s, = ’)’|B/,7T) =

g 5 _ f(Blo)f(]m)f(m) _ il =120y
F(w(B, 9) £(B[o)f(8) m = 1_]1:71_[1

As mentioned above, f(§|6) does not involve & and is therefore canceled out in the equation (hamely, = connect to B only through
d). The full conditional distribution for  is also a Dirichlet distribution with parameters being (g + &), where g€ {q1, ...,qa} withg, =
S 416 = | being the number of loci consistent with configuration vy, and Esz 1@y = m. In this study, we assign a small, equal
valuetoall a(i.e., a1 = ... = ag = 0.1) to minimise the influence of prior specification on the posterior distribution of w. We initialize
« = 1/Q and generate 10,000 posterior samples. We discard the first 2,000 samples as burn-in and use the posterior mean over the
preserved 8,000 posterior samples to estimate =.
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Stage-2 OPERA analysis

In the stage-2 analysis, we focus on the GWAS loci, with the aim to identify molecular phenotypes and their combinations that are
associated with the complex trait. For ease of computation, we first remove exposure sites with Psyr > 0.05, which are unlikely to be
associated with the outcome. We enumerate all possible combinations of molecular phenotype sites (with one site for each molecular
phenotype at a time) at a GWAS locus. The number of distinct OPERA analyses at a locus is equal to the product of the number of
sites across all the molecular phenotype at the locus. For each combination of exposures at a locus, we compute the posterior prob-
ability supporting configuration vy as in Equation 3:

f(b[s = v)7,

PPC, = —(f—=—""—
> k-1f(b[6 = k)mk

with 7 obtained from the stage-1 analysis. We found that PPC could lead to false classifications when the effects of some expo-
sures are too small to be detected. Take a combination with 2 causal exposures as an example (Figure S29). If 6, = [1,1] is the
causal configuration but the effect size of the second exposure is very small, the configuration with the highest PPC is likely to
be d; = [1,0]'. In this case, the PPC corresponding to 6; = [1, 0] is therefore inflated because its true value is 0. However, neither
the marginal PPA for one exposure nor the joint PPA for two exposures would be inflated. In this example, the marginal PPA for the
second exposure (i.e., PPA,, - 1) and joint PPA for both exposure associations (i.e., PPA;,, - 1) are low, but the marginal PPA for the
first exposure (i.e., PPA;, - 1) is still high (Figure S29). Thus, we report PPA as the final result and have evaluated the property of
PPA by simulations (Figures 2B-2G). The null hypothesis of the OPERA test is that b = 0 and the alternative hypothesis of the
OPERA test is that any b; #0 (marginal PPA) or a subset of b are non-zero, e.g., b, #0 (joint PPA). The marginal PPA for a single
exposure i is computed as the sum of PPCs for configurations involving 4 = 1 (denoted as W(4 = 1)),

PPAnarginal = Pr(3 = 1lb,7) = Y PPC,

veW(k=1)

The PPA for the joint association of multiple exposures is computed as the sum of PPC for configurations involving A = 1 (denoted
as W(Ac. = 1)), where c is a vector of the exposures under consideration.

PPAcn = Pr(2 = 1|b,7) = Y PPC,

veW(d =1)

Note that PPAjeint is a joint probability of associations for the exposures under consideration but marginal to the other exposures.
For instance, as illustrated in Figure S29, PPA; = PPC3 + PPC,4, PPA, = PPC, + PPC4 and PPA > = PPC,4. When there are three ex-
posures, PPA; , is a sum of PPCs over configurations where both exposures 1 and 2 are associated regardless of whether exposure 3
is associated.

We claim significant associations for any single site or any combination of sites with PPA >0.9, which has been shown to be suf-
ficient to control FDR below 0.05 in simulations (Figure 2C). To filter out associations not due to pleiotropy, we further apply a multi-
exposure HEIDI test (see below). Using an empirical Bayesian approach,®**? we estimate the FDR given a PPA threshold of 4 and
HEIDI threshold of 0.01,

_ Z/[“ — PPA,) | (PPA, >0 & PHEIDIJ‘ >0.01 )]

FDR(6) = E[(1 — PPA)|PPA; > 0 & Pgppy; > 0.01] = F{PPA 08 Py =001 (Equation 5)

where 6 is the PPA threshold, and PPA; and Pgip;; are the PPA and HEIDI test p-value for exposure i, respectively. The false positive

rate given a PPA threshold of § can be estimated as

>-[(1 — PPA)|(PPA; >0 & Prgipi; > 0.01)]
M%null

FPR(6) = (Equation 6)

where M is the total number of tests, and 7,y is the estimated proportion of null from the stage-1 analysis.

Multi-exposure HEIDI test

The associations identified from the Bayesian analysis above can occur even if the causal variants for the molecular phenotypes are
distinct from, but in LD with, the causal variants for the trait. We have previously referred to this scenario as a linkage model and devel-
oped a method, HEIDI, to filter out exposure-outcome associations due to the linkage model.? In this study, we generalize the HEIDI
method to scenarios with multiple exposures and apply it to the associations identified from the multi-exposure OPERA model (i.e.,
PPA>0.9). The basic idea behind HEIDI is that if the exposure-outcome association is driven by the same causal variant(s) because of
either causality or horizontal pleiotropy, by, estimated at any xQTL SNP (denoted as xSNP) in LD with the causal variant(s) is expected
to be identical to that estimated at the causal variant(s). The underlying causal variants are unknown, but this hypothesis can be
tested by assessing the heterogeneity in Exy among all xSNPs in LD with the causal variant(s). To avoid performing all pairwise com-
parisons, the top xXSNP is used as the target, and xSNPs in LD with the top xSNP are selected to test against the target.'® To gener-
alize the method to scenarios with multiple exposures, we define 3X,y(s) = EXiy(s) - er,y“op,), where the subscript “i”’ represents the it
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molecular phenotype, s represents an instrument from a set of xXSNPs present in all the xQTL datasets and passing an xQTL p value
threshold, and the subscript “top;” represents the lead xXSNP for molecular phenotype i. The xXSNPs are required to be instrument
SNPs (i.e., Py < 1.6 x 1073) for all tested molecular phenotypes. The null hypothesis of the multi-exposure HEIDI test is that all
dyy(s) = 0 and the alternative hypothesisAof the multi-exposure HEIDI test is that any ds) #0. If 8X,y<s) is computed for two xSNPs

i

s and m, then the covariance between dy, ) and dyym) is
CoV(dxy(s); Duyim) = COV(bry(s), Dryim) — COV(bxfy<s>7bx,y(tup,)> — OV(bxytop))s Dyim)) +C°V(bxfy<top,)7bxly(mp,))

where subscript j represents another molecular phenotype. For the ease of demonstration, we showed an example with only two
xSNPs (i.e., s and m). It is worth noting that the multi-exposure HEIDI test is designed to include all the selected cis instrument
SNPs. In the absence of sample overlap between the xQTL and GWAS data, the covariance between 5x,y(s) and Ex/y(m) is
approximately

JU b,, b, coV(by,y, by,y)  COV(Byu, By )bzeyby,
Cov(bx,y(s)>bxjy(m)) = cov| &y Py ) < A( zy) Zm}’)+ ( zz ZAZXJ) 25yPzmy
bzsx, meX/ bzsx,bzmx, bz vaz X;
SAf mAj

where cov(sty,Ezmy):rsmq/var(Ezsy)var(Ezmy) with rsm being the LD correlation between SNPs s and m,

cov(Est,, Bzmx,-) = rsmpx/_xl,‘/var(Est,.)var(Esz]) with Pxx; being the between-study correlations due to sample overlap. We estimate
Pxx; using the xQTL effects of null SNPs (Pxor > 0.01) by the Qi et al. approach®’ for each pair of tested exposure sites. When
the pairwise xQTL datasets are from independent samples, p,,, = 1 wheni = jand 0 otherwise. At each locus where we observe as-

sociation between multiple exposures (e.g., t exposures) and the outcome, we compute ax,y(s) for multiple xXSNPs for each exposure
and test if dy,) = O for all the included xSNPs across t exposures by a multivariate test,” i.e., d ~ MVN(d, V) with vector d-=

(dxiy(s)" Axyis) dxy y(m)“'dx,y(m)) and variance-covariance matrix

( var(dyye)  r 00V(dxyis) Ouyim) )
cov

(Dry(): xayim) =+ var(dsy(m)
In our data analysis, we included in the multi-exposure HEIDI test only the SNPs present in the GWAS and all the xQTL datasets with
Pyor < 1.6 x 1072 (equivalent to x2 > 10; as suggested by a previous study on Mendelian randomization to avoid weak instrumental
variables®®) for all the included exposures to avoid weak instrumental variables,® and pruned SNPs for LD with an /2 threshold of 0.9.
We used the ancestry-matched 1000 Genomes Project-imputed HRS data®® as the reference sample to estimate the LD correlations
between SNPs. When there is potential mismatch between datasets, we recommend applying methods such as DENTIST®' to detect
heterogeneity between datasets before running OPERA. Of note, the multi-exposure HEIDI can be applied to each individual expo-
sure (identical to HEIDI in this case) and any combination of exposures. Different from the joint SMR analysis, the multi-exposure
HEIDI test uses the marginal SMR effects because LD is canceled out between the marginal GWAS effect (the numerator) and
the marginal xQTL effect (the denominator) under the null hypothesis, i.e.,
szy _ chyrSC _ bzcy

bixys) = = = = by,
Xiy(s) bzsx,' bZCX,' lec chX; Xiy(c)

where c is the causal SNP, s is a tag SNP, and rs is the LD correlation between the two. It is worth noting that when the causal expo-
sure is absent from the data, the cross-exposure leakage effect cannot be controlled using the joint SMR effects but can be detected
by the multi-exposure HEIDI test.

Correcting for the cross-exposure leakage effect

One of the challenges to model the effects of multiple molecular phenotypes on a trait stems from LD between xQTL across molecular
phenotypes, as illustrated in the following example (Figure S1A). Let us consider a locus with two SNPs, where SNPs 1 and 2 are the
causal variants for exposures 1 and 2, respectively, and only exposure 1 affects the outcome. In a single-exposure analysis such as
SMR, exposure 2 would appear to be associated with the outcome if the two SNPs are in LD (Figure S1A). This is because the effect of
exposure 2 on the outcome is estimated by the ratio of the effect of SNP 2 on exposure 2 to that on the outcome, and the effect of SNP
2 on the outcome is non-zero owing to the LD between the two SNPs, which seems that the effect of exposure 1 on the outcome leaks
to exposure 2 (Figure S2A). Hence, in the presence of the cross-exposure leakage effect, using marginal exposure effects (e.g., those
estimated from SMR) to compute the likelihoods in OPERA would lead to erroneous posterior inference about the configurations and
thereby false discoveries of the exposure-outcome associations (Figure S7). It is of note that although applying HEIDI test in this sce-
nario can reject the associations caused by linkage, the r estimates for alternative configurations would be downward biased due to
selection based on the HEIDI test.
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Therefore, we propose to use the joint SMR effect in OPERA analysis. As shown in Figure S1A, if the xQTL for a null exposure is in
LD with the xQTL for the causal exposure, the estimated marginal effect for the null exposure, EX,y = Eziy/t;zix,, could be significantly
different from zero, because b, captures the causal effect through LD (Figure S2A), referred to as cross-exposure leakage effect. To
address this issue, we propose to use the joint SMR effect in OPERA, which is computed as the ratio of the joint GWAS effect of the
lead xXSNP over its marginal xQTL effect. The joint GWAS effect of the lead xXSNP (z;) for exposure i, 6,,, is estimated by fitting it jointly
with the COJO*® xSNPs for the other exposures (8, ), where z_; represent COJO xSNPs except for those for exposure i after LD
pruning with an r? threshold of 0.9. The logic is that if Ez,y shrinks to zero conditional on the effects of xXSNPs for the other exposures,
it is unlikely that exposure i has a causal effect on the outcome. Following the summary data-based joint analysis method in COJO,“®
we estimate the joint GWAS effects for the selected xQTL, Ezy = [Ez,y, {A?zf,.y]/, as

ﬁzy = W 'Db,, and var(ﬁzy) = W'

where Bzy is a vector of the marginal GWAS effects, W is the variance-covariance matrix of SNP genotypes computed from a refer-
ence panel and D is a diagonal matrix of W, and a§ is the residual variance in the joint analysis. We can estimate 03 by

a\2 _ y/y - /5zyDBzy
T (n-p

where n is the GWAS sample size, p is the number of selected xQTL, and y'y is estimated by the median value of D; (SE,2 (n—1)+ 5,-)
of the selected xQTL, with SE; and b; being the standard error and estimated effect size from the GWAS summary statistics. We show
in Figure S30 that 33 estimated from the subset of SNPs in common between GWAS and cis-xQTL is highly consistent with that esti-
mated from the full set of GWAS SNPs. Since the xQTL effect for the target exposure is independent of those for the other exposures,
ie., EZ,,X[ = Ezm |x,,-,3xﬂ.y, we do not need to adjust the marginal xQTL effect (See Data S2 for full derivation). The so-called joint SMR
effect for exposure i on outcome is then estimated by

7] lez,y

ﬁx,-y ==

ZiXi

o

Simulations based on imputed genotype data from the UK Biobank

We performed the following simulations based on the imputed genotype data from the UK Biobank after quality controls (QC).%° We
included 1,164,362 HapMap3 SNPs with MAF >0.01, Hardy-Weinberg equilibrium test p > 1 x 10~%, genotyping rate >0.95, and
imputation information score >0.8, and selected 348,501 unrelated individuals, with a relatedness threshold of 0.05, based on the
genetic relatedness estimated from the SNP set above using GCTA.%?

We first performed simulations to assess the performance of OPERA in estimating =, which required genome-wide independent
loci. We randomly sampled 400 approximately independent LD blocks with size >500Kb in the genome defined by Pickrell et al.®® In
each LD block (/), we randomly sampled SNPs within a 500 kb window (number of variants ranging from 31 to 758 with a median of
212), among which m; SNPs were chosen at random to be the causal variants for each exposure i. We assumed m;; ~ Poisson (2).
The phenotype measures of exposure i at locus/block / (i.e., x;) were simulated by

X = Zjby,, +€

where Z;; is the genotype matrix for the causal variants, b,,x, ~ N(0,1) and e; ~ N(0,var(Z;by,,) /(1 /h? —1)) withh2 = 0.1 being the
proportion of variance in the exposure explained by the causal variants. We standardised x;; to have mean 0 and variance 1. We simu-
lated the outcome by an additive model for the exposure effects across t exposures and m genomic loci,

m t
y = Z Zxﬁbxﬁy +ey

I=1i=1
where by ~ mN(0,03 )+ (1 — m)e and e, ~ N(O,var(37" 1 S2f _ 1 Xibyy) /(1 /R%, —1)) with RZ, = 0.6 being the proportion of vari-
ance in the outcome explained by all the exposures. We set m = 400 and t = 3 for simulations based on the UK Biobank data
(see Figure S5 for simulation result when t = 5 with unlinked markers). We first randomly sampled loci with 1, 2 or 3 causal exposures
and assigned the sampled causal effects to the exposures, which assumes a non-independence structure in by,,. The proportion of
loci with 0, 1, 2 or 3 exposures associated with the outcome was set to be 0.78, 0.05, 0.02 or 0.01, constituting the true & values.
Under this setting, the proportion of causal sites for each exposure was 0.1, and each causal site explained 0.5% of the variance
in the outcome on average. We sampled the causal effects from N(0, agi) with ‘7127; = 0.02 for all exposures, approximately equal to
that from the pairwise SMR analyses in real data. Given the simulated outcome and exposures data, we performed a standard
GWAS with a subset of 300,000 individuals and xQTL analyses using independent samples with a range of sample sizes (from
500 to 10,000). We then applied OPERA to estimate & through the stage-1 analysis. The whole simulation process was repeated
100 times.
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We used the estimated = to perform the stage-2 OPERA analysis, and evaluated the power, FPR and FDR of OPERA across simu-
lation replicates. The power was quantified as, among loci with exposure j (or a combination of exposures ¢ = i,...,j) being causal, the
proportion of which had the marginal PPA; (or the joint PPA,) greater than a cut-off value (e.g., 0.9) and Pygp, > 0.01. The FPR was
computed as, among loci with exposure i (or €) being null, the proportion of which had the marginal PPA; (or the joint PPA.) greater
than the threshold. The FDR was computed as, among loci where the marginal PPA, for exposure i (or the joint PPA. for exposures c)
was greater than the threshold, the proportion of which with the exposure i (or ¢) being null. Following Equations 5 and 6, we
computed the estimated FDR and FPR at a range of PPA thresholds and compared them with the observed FDR and FPR from
the simulation. To investigate the relationship between PPA and true discovery rate, we stratified the reported PPA into 10 even
bins and then quantified the true discovery rate in each PPA bin.

We checked the performance of OPERA under unbalanced design by randomly setting 10% of the null sites as missing for each
exposure. We performed the stage-1 and the stage-2 analysis based on this setting and further quantified the power, FPR and FDR as
above. We also checked the performance of OPERA under the scenario with multiple sites per exposure by simulating an additional
null site at each locus. We performed the stage-2 analysis and multiple-exposure HEIDI test for all possible combinations of sites
across exposures and then quantified the power, FPR and FDR at a given PPA threshold along with a HEIDI threshold of 0.01. To
compare the power between the joint-exposure analysis and the single-exposure analysis using OPERA to detect causal exposures,
we simulated a dataset with 3 exposures based on the unbalanced setting with the proportion of variance in the outcome explained
by each site being R2 , = 0.01%, RZ, = 0.1% and R2,, = 1% for exposures 1, 2 and 3, respectively.

To calibrate the multi-exposure HEIDI test, we first simulated a homogeneous causal model (i.e., the null model for the HEIDI test),
where the two causal exposures and the outcome shared the same set of causal variants (Figures S1B and S1C). We then simulated a
heterogeneous causal model (i.e., the alternative model for the HEIDI test), where only the first exposure affected the outcome, and
the causal variant of the second exposure was in LD (0.1 < r? < 0.9) with that of first exposure (Figure S1A). Finally, we simulated
another heterogeneous causal model, where both exposures affected the outcome and the two causal variants for two correspond-
ing exposures were in LD (0.1 < r? < 0.9; Figure S1D). We repeated the simulation process 10,000 times for each model and generated
the quantile-quantile plot based on the reported multi-exposure HEIDI test p values (Figure S10).

Data used in this study

We used seven types of xQTL data in our analysis. The summary-level eQTL data were from the eQTLGen data (n = 31,684),>” which
was a meta-analysis of blood samples comprising ~9 million SNPs and 19,250 genes. We also used the blood eQTL summary sta-
tistics from the CAGE data (n = 2,765), which comprised 38,624 normalized gene expression probes and ~8 million SNPs. The
caQTL summary statistics were from lymphoblastoid cell lines samples of British ancestry (n = 100).?* There were 277,128 chromatin
accessibility peaks on autosomes measured by assay for transposase-accessible chromatin using sequencing (ATAC-seq), 13,949
of which had at least one caQTL at p < 5 x 10~8. The peripheral blood mQTL summary data were from a meta-analysis of two blood
mQTL datasets from McRae et al.'®?® (n = 1,980). The methylation states were measured based on lllumina HumanMethylation450
chips and 94,338 methylation probes were identified with at least one cis-mQTL. For the BLUEPRINT hQTL summary data, two his-
tone modification marks (i.e., H3K27ac and H3K4me1) were measured in three major immune cell types (CD14* monocytes, CD16*
neutrophils, and CD4* naive T cells) in up to 197 individuals.”® We chose hQTL data from the CD14* monocytes because it provided
the largest number (m = 18, 153) of histone marks with at least one hQTL with p < 5 x 1078, The summary statistics of SNPs on
plasma proteins (i.e., pQTL) were from the INTERVAL dataset®® (n = 3,301). It comprised of 3,622 plasma proteins or protein com-
plexes assayed using 4,034 modified aptamers on 3,301 participants. There were 698 proteins with at least one cis-pQTL. The
apaQTL summary data were from the a recent 3'UTR alternative polyadenylation analysis using the RNA-seq data from GTEx blood
tissue.?” The APA events were detected by DaPars v.2.0 algorithm and there are 1,050 APA events with at least one cis-apaQTL. The
blood sQTL data were from the GTEx dataset. The RNA splicing event were quantified by leafcutter and there were 6,638 splicing
events with at least one cis-sQTL. We included in our analysis only the molecular phenotype sites with at least one cis-xQTL at
PyarL <5 x 1078 and excluded the molecular phenotype sites in the major histocompatibility complex (MHC) region because of
the complexity of this region.

We included in this study 19 complex traits from the latest available GWAS meta-analyses and 31 complex traits from the UK Bio-
bank. They are height,>* BMI,*® high-density lipoprotein,®’” low-density lipoprotein,®’ thyroglobulin,>” educational years,*' rheuma-
toid arthritis,*® schizophrenia,“® coronary artery disease,*® type 2 diabetes,** Crohn disease,*® ulcerative colitis,*® Alzheimer’s dis-
ease,” breast cancer,”® prostate cancer,*® high cholesterol,”® monocyte count,®* neutrophil count,** red blood count®* and 31
complex traits from the UK Biobank included in the Zeng et al.®* We used acronyms to label complex traits as showed in Figure 5.
They are body mass index (BMI), high-density lipoprotein (HDL), low-density lipoprotein (LDL), thyroglobulin (TG), educational years
(EY), rheumatoid arthritis (RA), schizophrenia (SCZ), coronary artery disease (CAD), type 2 diabetes (T2D), Crohn disease (CD), ulcer-
ative colitis (UC), Alzheimer’s disease (ALD), breast cancer (BrCancer), prostate cancer (PrCancer), high cholesterol (HC), monocyte
cell count (MonoCC), neutrophil cell count (NeutCC), red blood cell count (RedBCC), basal metabolic rate (BMR), body fat percentage
(BFP), hand grip strength left (HGSL), hand grip strength right (HGSR), hip circumference adjusted for BMI (HC), Hell BMD T-score
(HBMD), waist circumference adjusted for BMI (WC), weight (WT), waist-hip ratio adjusted for BMI (WHR), diastolic blood pressure
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(DBP), forced expiratory volume (FEV), forced vital capacity (FVC), peak expiratory flow (PEF), pulse rate (PR), systolic blood pressure
(SBP), fluid intelligence score (FIS), mean time to correctly identify matches (MTCIM), neuroticism score (NS), age at first live birth
(AFLB), age at menopause (Mnps), Age menarche (Mnrch), birth weight (BW), male pattern baldness (MPB), Allergic rhinitis (AR), Dys-
lipidemia (Dyslp), Hemorrhoids (Hmrr), Hypertensive disease (HD), varicose veins (VV). The SNP effects on quantitative traits were in
standard deviation units, and those on disease traits (e.g., case-control design) were expressed as log odds-ratios. Only common
variants with a minor allele frequency >0.01 were retained for analysis. We used the 1000 Genomes Project (1KGP) imputed data
of the Health and Retirement Study (HRS)®° (n = 8,557) as the LD reference data required for the joint SMR analysis and multi-expo-
sure HEIDI test.
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